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Abstract

This work investigates the interaction between two widely adopted model compression techniques —pruning
and knowledge distillation (KD)— to determine whether their effects are orthogonal, overlapping, or interfer-
ing. While both methods independently reduce the size of overparameterized neural networks while preserving
performance, their combined application has not been systematically analyzed. We hypothesize that pruning and
KD may target similar representational subspaces, potentially limiting their additive benefits. To explore this, we
conduct a series of controlled experiments applying various pruning ratios and distillation setups, evaluating their
individual and joint impact on model accuracy, robustness, and representational structure. Through representa-
tion similarity analysis using techniques such as Centered Kernel Alignment (CKA), we assess whether pruned
and distilled models converge to analogous feature spaces. Our findings aim to clarify whether these compression
strategies are complementary or redundant, providing guidance on how to effectively combine them in practice.

Keywords: neural network compression, pruning, knowledge distillation, orthogonality, representational sim-
ilarity, Centered Kernel Alignment (CKA), model efficiency, deep learning, subnetwork discovery, information

bottleneck

1 INTRODUCCTION - CONTEXT OF THE

PROJECT

Deep neural networks have achieved remarkable success
across a wide range of tasks, often at the cost of signifi-
cant computational and memory requirements. This over-
parameterization not only increases the resources needed
for training and inference but also limits their deployment.
Two prominent strategies to address these challenges are
network pruning, the removal of redundant parameters, and
knowledge distillation, the transfer of knowledge from a
large teacher model to a smaller student model.

While both pruning and distillation have been extensively
studied independently, their combined or sequential appli-
cation remains an active area of research. Understanding
how these techniques interact, and how the order and de-
gree of pruning or distillation affect model performance, is
crucial for designing efficient and robust neural networks.

In this work, we explore the relationship between prun-
ing and distillation. We propose and analyze several strate-
gies: (1) iterative pruning with fine-tuning, (2) distillation
at various pruning levels, and (3) hybrid approaches where

e Contact E-mail: rogergarciacanyo @gmail.com
o Supervised by: Andrey Barsky (Computer Science)
o Academic Year 2024/25

distillation and pruning are combined. By visualizing the
performance trajectories across different pruning and distil-
lation schedules, we provide insights into the trade-offs and
combined effects between these methods. Our results aim to
guide practitioners in selecting effective compression tech-
niques and pipelines for deploying deep learning models in
resource-constrained environments.

2 STATE OF THE ART

2.1 Neural
niques

Network Compression Tech-

Neural network compression has become a central topic
in deep learning, with pruning and knowledge distilla-
tion emerging as two of the most prominent strategies.
Magnitude-based pruning was first introduced by LeCun
et al., who proposed the Optimal Brain Damage method
for removing less important weights [15]. This idea was
later extended by Han et al., who demonstrated that iter-
ative pruning and fine-tuning could eliminate up to 90%
of a network’s parameters while maintaining accuracy [23].
As research progressed, the distinction between structured
and unstructured pruning became important. Li et al.
showed that structured pruning, which removes entire fil-
ters or channels, is more compatible with hardware accel-
eration [24], while Liu et al. proposed channel pruning
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to achieve practical speedups on standard hardware [25].
The Lottery Ticket Hypothesis, introduced by Frankle and
Carbin, further advanced the field by revealing that sparse
subnetworks within dense models can be trained to reach
comparable accuracy as the original network [13].

Knowledge distillation, on the other hand, was formal-
ized by Hinton et al., who showed that a smaller student
network could learn to mimic the soft outputs of a larger
teacher, capturing valuable information about class rela-
tionships [14]. Beyond this foundational approach, Yim et
al. introduced feature-based distillation methods such as
Attention Transfer and Flow of Solution Procedure, which
transfer intermediate feature relationships between teacher
and student [26]. Self-distillation has also gained attention,
with Kim et al. demonstrating that a network can improve
by distilling from itself [27].

2.2 Combined Compression Approaches

Recent research has increasingly focused on combining
pruning and knowledge distillation, either sequentially or
in hybrid frameworks. One common approach is to apply
pruning first, followed by distillation. Aghli et al. systemat-
ically studied this sequence, finding that knowledge distil-
lation can help recover performance lost during aggressive
pruning [1]. Park et al. further demonstrated that this or-
der is particularly effective at high sparsity levels [6]. Con-
versely, Zhu and Gupta explored the reverse order, show-
ing that networks distilled before pruning are more robust
to subsequent parameter removal [22]. Hybrid and itera-
tive methods, such as those proposed by Muralidharan et al.
and Pan et al., alternate between pruning and distillation to
maximize both compression and accuracy [4, 5].

2.3 Representation Analysis and Orthogo-
nality

Understanding how compression techniques affect internal
representations has become a key research direction. Korn-
blith et al. established Centered Kernel Alignment (CKA)
as a robust metric for comparing neural representations,
showing its invariance to orthogonal transformations and
its ability to capture non-linear relationships [10]. Further
studies by Davari et al. linked representation similarity to
transfer learning performance and reliability [9]. The ques-
tion of whether pruning and distillation act orthogonally or
redundantly has been explored in previous work, but often
without a deep analysis of their interaction. Many studies
assume that combining both techniques results in additive
gains, yet this assumption has not been verified. Studies by
Aghli and Ribeiro, as well as Park and No, demonstrated
that combining pruning and distillation may yield additive
benefits, suggesting partially orthogonal mechanisms [1, 6].

2.4 Research Gaps and Positioning

Despite these advances, most prior work has focused on em-
pirical combinations of pruning and distillation, with lim-
ited systematic analysis of their representational orthogo-
nality. This thesis addresses this gap by employing CKA-
based analysis across multiple compression levels, aiming
to clarify when pruning and distillation are complementary
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and when they are redundant. By providing an exhaustive,
layer-wise analysis of compressed models, this work offers
practical insights for selecting optimal compression strate-
gies in resource-constrained environments.

3 OBJECTIVES

The objectives for this work are divided into two main
components:

ORTHOGONALITY ASSESSMENT
The goal of this first objective is to evaluate the degree of
independence (orthogonality) between pruning and knowl-
edge distillation. More specific:

* Analyze the effect of applying pruning and knowledge
distillation individually and in combination, consider-
ing both performance and the overall similarity of in-
ternal representations produced by compressed mod-
els.

* Determine if the improvements gained with both tech-
niques are additive, collaborative, or interfering.

* Compare the results with baseline models to contextu-
alize the observed effects.

SUBSTRUCTURE ANALYSIS
This second component focuses on understanding and an-
alyzing the structural implications of each compression
method:

* Investigate if pruning and knowledge distillation iden-
tify and preserve similar or distinct substructures from
the original model.

» Compare the activations that models compressed with
different techniques can have to same input samples.

* Analyze how the combination of these methods influ-
ences the diversity or overlap of preserved substruc-
tures across different scenarios.

4 THEORETICAL FOUNDATIONS FOR NON-
ORTHOGONALITY BETWEEN PRUNING
AND DISTILLATION

Understanding why pruning and knowledge distillation
may not act as fully independent (orthogonal) compression
strategies requires a look at several theoretical perspectives
from deep learning. In this section, we review key concepts
that together provide a foundation for formulating such a
hypothesis. These frameworks help explain why, under cer-
tain conditions, pruning and distillation may guide neural
networks toward similar solutions, despite their different
mechanisms.

4.1 The Manifold Hypothesis and Represen-
tation Convergence
The Manifold Hypothesis suggests that high-dimensional

data (like images) lies on or near lower-dimensional man-
ifolds embedded in the high-dimensional space. Neural
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networks learn to map inputs to these underlying manifolds
through their hierarchical representations.

Both pruning and distillation are basically manifold com-
pression techniques that may converge to similar underly-
ing geometric structures, compromising the assumption of
orthogonality.

[Original High-Dimensional Space]

{ Neural Network ]

Learning Process

Pruning Path Distillation Path

Convergent Manifold
(Similar Representations)

Fig. 1: Manifold Convergence Theory.

4.2 Information Bottleneck Theory

This principle (Tishby & Zaslavsky, 2015) [20], provides
a framework to analyze the trade-off between compression
and prediction quality in neural networks. In the informa-
tion plane diagram (Fig. 2), this trade-off is represented
between:

* R: the mutual information between the input X and the
internal representation 7.

e D;p: the IB distortion (mutual information loss with
the target V).

—1IB limit

——Suboptimal bifurcations
——Finite sample bound
DNN layers

Dyp

R

Fig. 2: Information Bottleneck Principle.

IB cruve explanation:

e The black curve is the theoretical D;p limit, which
defines the optimal trade-off: the minimal distortion
D p for a given compression R.

* The red curve is a finite sample bound, representing
realistic generalization errors due to limited data.

* The green path shows how a deep neural network’s
layers progress through this space during training,
starting at the input X and ending at the representa-
tion closest to predicting Y.

* The blue lines are suboptimal trajectories caused by
design or training inefficiencies.

Distillation aims to guide a student model to replicate
a teacher model’s internal representations or outputs.
This can be seen as an attempt to move the green dots
(layer representations) downward, closer to the IB curve,
improving generalization by reducing the gap AG in the
figure.

Pruning, on the other hand, reduces model complex-
ity—effectively a movement leftward along the R-axis
(compression). But if done too aggressively or without
guidance, it can lead to increased distortion D;p and
exceed the finite sample bound, resulting in worse general-
ization.

Why non-orthogonal:

* Distillation implicitly helps compression (a goal of
pruning) by regularizing representations and reducing
variance, reducinf the network’s effective information
flow.

* Pruning, especially structured pruning, alters internal
representations, which impacts how well the model re-
tains and transmits information about Y, which is ex-
actly what distillation is trying to control.

The relation between pruning and distillation might
not be orthogonal because both techniques modify the
model’s internal representations with respect to the com-
pression—generalization trade-off. The IB principle makes
this visible: both techniques aim to reposition the layers
(green points) in the information plane, through different
mechanisms.

4.3 Loss Landscape Geometry

Recent research shows that *sublevel sets of the loss
surfaces of overparameterized networks are connected,
exactly or approximately* [11].

This suggests that different compression techniques may
explore the same underlying loss regions.

So, pruning and knowledge distillation may discover dif-
ferent paths to the same optimal regions in parameter space,
resulting in functionally similar representations despite dif-
ferent compression mechanisms.
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Global valleys

Fig. 3: Illustration of a loss landscape with multiple global
valleys. The absence of bad local valleys suggests that dif-
ferent optimization paths (e.g., pruning or distillation) can
independently reach similar low-loss regions due to the con-
nectedness of sublevel sets.

4.4 Lottery Ticket Hypothesis and Subnet-
work Discovery

The Lottery Ticket Hypothesis (Frankle & Carbin, 2019)
[13] demonstrates that sparse subnetworks can achieve
comparable performance to full networks when trained in

isolation.
Pruning %

Accuracy = 91%

in|t|a||zat|on

O training
O
Sojo p ke

Accuracy = 91%

Fig. 4: Lottery ticket hypothesis

This suggests that:
* Optimal subnetworks exist within larger networks

* Multiple compression techniques may discover similar
or overlapping subnetworks.

* Knowledge distillation and Pruning may implicitly
guide networks toward these same optimal substruc-
tures

4.5 Universal Approximation and Capacity
Constraints

The Universal Approximation Theorem states that a feed-
forward neural network with at least one hidden layer and a
suitable activation function (such as sigmoid or ReLU) can
approximate any continuous function on a compact subset
of R", given sufficient width (number of neurons) [?, ?].
Formally, for any continuous function f : R — R and any
€ > 0, there exists a neural network f such that

sup |f(z) — f(z)| <e,
zeK
where K is a compact subset of R™.
However, in practice, the capacity of a network is limited

by the number of parameters, especially after compression
via pruning or distillation. When capacity is constrained,
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the set of functions that the network can represent is
narrowed, and the network is forced to approximate the
target function as closely as possible within these limits.
This restriction can lead to a situation where different
compression techniques (such as pruning and distillation)
converge to similar or even identical optimal solutions,
simply because the space of achievable functions is re-
duced.

Thus, under strong compression constraints, both prun-
ing and distillation may guide the network toward the same
limited set of optimal approximations, regardless of the spe-
cific method used.

5 DEVELOPMENT

MODEL ARCHITECTURE AND DATASET INTEGRA-
TION FRAMEWORK

The experimental code was constructed using PyTorch
deep learning framework with CIFAR-10 dataset. This
dataset was chosen because its well-known behavior and
simplicity make it easy to work with and computationally
inexpensive, allowing us to focus on the core challenges
of model compression rather than dataset complexity. The
dataset’s 32x32 pixel images across 10 classes offered
an optimal balance for investigating compression effects
without requiring prohibitive computational resources.

A Teacher Model was implemented using the ResNet18
architecture to ensure the network was sufficiently over-
parameterized for meaningful compression experiments
while maintaining strong baseline performance. This
architecture includes standard convolutional layers, batch
normalization, and residual connections, making it a
representative example of modern neural networks for
compression analysis. The model was designed to be mod-
ular and extensible, allowing easy integration of different
compression techniques while keeping the architecture
consistent across all experiments.

The dataset integration framework incorporated simple
data preprocessing, such as normalization and train-test
partitioning to ensure valid evaluation. Data loading was
optimized for the available computational resources by
using memory-efficient batch processing.

Modular Code Architecture Development
The codebase was built using software engineering best
practices, with a modular design that made it easy to de-
velop, test, and combine different compression techniques.
This structure allowed us to study each compression method
separately and also to integrate them for experiments in-
volving hybrid approaches.

* model.py: Contains the definitions for the Teacher and
Student neural network models based on a modified
ResNet18 architecture for CIFAR-10. This module in-
cludes utilities to adapt the architecture for small im-
ages.

¢ pruning.py: Implements both structured and unstruc-
tured pruning methods for neural networks, including
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global magnitude-based pruning and channel/weight
pruning for convolutional and linear layers. The mod-
ule also provides utilities for freezing pruned weights,
iterative pruning with fine-tuning, and loading or
reconstructing pruned models, extending PyTorch’s
pruning functionality to support advanced experimen-
tal workflows.

* distillation.py: Advanced knowledge distillation
framework implementing temperature-scaled softmax
operations, custom loss function combinations, and
progressive student model generation protocols. The
framework supported various distillation strategies and
student-teacher architectural configurations.

* utils.py: Utility functions containing data loading pro-
tocols, training loop implementations, evaluation met-
rics calculation, model checkpointing systems, and vi-
sualization frameworks. This module provided the in-
frastructure to support all experimental operations.

* config.py: Centralized configuration management sys-
tem providing parameter specification, experimental
reproducibility controls, and systematic hyperparam-
eter organization. The configuration system secured
consistent conditions across all experimental setups.

* main.py: Main experimental pipeline that orchestrates
the training, pruning, distillation, and evaluation of
models. This script manages the workflow for gen-
erating, compressing, and assessing models, as well as
saving results and visualizations.

* activation.py: Module dedicated to advanced analy-
sis and visualization of internal model representations.
It includes tools for extracting activations, computing
representational similarity (CKA), comparing models
across compression levels, and generating heatmaps
and trend plots for interpretability.

This modular architecture made it easy to develop and
test each compression technique separately, while also
allowing them to be combined for hybrid experiments. The
design was essential for managing the complexity of the
project and ensured that the code remained easy to maintain
and extend.

Baseline Model Establishment

To ensure reliable benchmarks for evaluating compression
techniques, we first established a strong baseline model.
This involved training a teacher model using standard pro-
tocols: we set random seeds for reproducibility, optimized
with cross-entropy loss to achieve the highest possible
test accuracy, and saved checkpoints of both the initial
and fully trained model weights. Throughout this process,
we tracked key metrics such as accuracy and parameter
count, providing a solid reference point for comparing the
effects of pruning and distillation. These steps ensured that
all subsequent experiments could be measured against a
consistent and statistically validated baseline.

STANDALONE STARTING POINT
The primary objective at this stage was to implement all
the core functions and methods required to apply the two

main compression strategies—pruning and knowledge
distillation—in a standalone manner. This foundational
work was essential to ensure that each technique was
working as expected in isolation, so that later on when
going into deeper stages of the project.

Pruning Implementation:
We developed both structured and unstructured pruning
routines. Structured pruning targeted entire channels or fil-
ters, which is more compatible with hardware acceleration,
while unstructured pruning removed individual weights
based on magnitude. The pruning module was designed to
be flexible, supporting various pruning ratios and strategies.

The initial approach utilized PyTorch’s built-in pruning
methods, which allow for the removal of weights or en-
tire channels based on magnitude criteria. However, dur-
ing early experiments, we observed that the default pruning
routines did not fully prevent updates to pruned (zeroed)
weights during subsequent training. This was due to the
fact that PyTorch’s pruning reparameterization leaves the
pruned weights in the computational graph, allowing their
gradients to be updated unless additional steps are taken.

To address this, we developed custom pruning routines
that not only apply the desired pruning mask but also ensure
that pruned weights remain fixed throughout fine-tuning.
Specifically, after pruning, we register backward hooks on
the weight tensors to zero out gradients corresponding to
pruned weights, effectively freezing them. This guarantees
that only the remaining (unpruned) parameters are updated
during optimization, preserving the intended sparsity
pattern.

Our pruning module supports both:

 Structured pruning: Removal of entire output chan-
nels in convolutional layers or neurons in linear layers,
which is more hardware-friendly.

e Unstructured pruning: Removal of individual weights
based on global or layer-wise magnitude.

After initial experiments and due to time constraints, the
main results and implementations focused on structured
pruning. This approach was easier to use and, according to
previous research, was best suited to the resources available
for this project.

After each pruning step, the model is fine-tuned for
a fixed number of epochs to recover any lost accuracy.
These included adaptive learning rate schedules and early
stopping criteria to help recover accuracy lost due to
parameter removal. The pruned models are saved at each
compression level for further analysis. This robust and
reproducible pruning pipeline was essential for generating
reliable baselines and for subsequent experiments involving
hybrid compression strategies.

Knowledge Distillation Implementation:
For knowledge distillation, we implemented a teacher-
student training framework. The teacher model, typically a
larger and fully trained network, provided soft targets for
the student model via temperature-scaled softmax outputs.
The distillation loss was formulated as a weighted sum
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of the standard cross-entropy loss (using ground truth
labels) and the Kullback-Leibler divergence between the
teacher and student outputs. The framework allowed for
configurable temperature and loss weighting parameters,
allowing systematic exploration of their effects on student
performance.

The standalone distillation approach used, as the student
architecture, the model obtained after a pruning process.
This ensures that the distilled student model being com-
pared to a pruned model has the same architecture and
number of parameters. For this reason, we also saved the
random initialization weights of the original model. When
loading a pruned model from a ’.pth’ file containing its
trained weights, we reset the weights that are not frozen
back to their initial values from the original model. This
guarantees a fair comparison between pruned and distilled
models with identical architectures and parameter counts.

Utility and Infrastructure Functions:

To support these core compression methods, we imple-
mented a set of utility functions. These included model
initialization routines (ensuring consistent random seeds
and reproducibility), model state management, evaluation
metrics (such as accuracy and parameter count), and data
loading pipelines optimized for efficient batch processing.
This infrastructure was a key point for maintaining exper-
imental consistency and enabling large-scale, automated
experimentation with minimal changes.

Rationale for Modular Design:

By developing pruning and distillation as independent
modules, we established a clear experimental baseline
for each technique. This modular approach not only
facilitated direct comparison between methods but also
set the groundwork for subsequent phases, where hybrid
and sequential compression strategies were explored. The
standalone implementations served as reference points,
ensuring that any observed effects in combined approaches
could be attributed to genuine interactions between tech-
niques rather than confounding implementation details.

HYBRID COMPRESSION
After validating the standalone pruning and distillation
modules, we implemented a hybrid compression frame-
work to explore the sequential combination of these
techniques. The core of this approach is a distillation-first
branching strategy, designed to map the performance and
representational effects of applying knowledge distillation
followed by further pruning.

Distillation at Multiple Compression Levels:
For a set of target compression levels (expressed as
fractions of remaining parameters), we first load the
corresponding pruned model checkpoint architecture. Each
pruned model is reinitialized with the original random
weights for unfrozen parameters to ensure fair comparison.
Knowledge distillation is then performed using the trained
teacher model as reference, with the student model (match-
ing the pruned architecture) trained for a fixed number of
epochs using a temperature-scaled softmax and a combined
loss function. The accuracy of each distilled model is
evaluated and recorded, forming the main “distillation
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path” in our experimental landscape.

Branching Pruning from Distilled Models:
From each distilled checkpoint, we further apply structured
pruning to reach all higher compression levels (i.e., lower
parameter retention). For each branch:

¢ A deep copy of the distilled model is created to ensure
independence of each experimental branch.

* Additional pruning is applied to reach the next target
compression level, followed by fine-tuning.

* The accuracy of each pruned-from-distilled model is
evaluated and recorded.

e This process is repeated recursively, creating a tree-
like structure where each branch represents a unique
sequence of distillation followed by further pruning.

Visualization of Hybrid Compression Paths:
To interpret the results, we visualize the performance land-
scape using dual-axis plots:

e The main distillation path is plotted as a blue line,
showing the accuracy of models distilled at each com-
pression level.

* Pruning branches originating from each distilled
checkpoint are plotted as red lines, illustrating the ef-
fect of further pruning on already distilled models.

* A secondary x-axis is included to provide both the dis-
tillation and pruning perspectives on the same plot.

By plotting this visualization, we can clearly observe
how the process affects model behavior across all compres-
sion levels, revealing trends and patterns that might not be
apparent from raw data alone.

EVALUATION AND ANALYSIS PIPELINE

Performance Metrics and Tracking
At each stage of the compression experiments, we recorded
key performance metrics, including test accuracy and pa-
rameter count, for all pruned, distilled, and hybrid models.
This enabled direct comparison of the effectiveness of each
compression strategy and provided a quantitative basis for
the representational analysis.

Layer-wise Representational Similarity Analysis

To investigate how compression techniques affect in-
ternal representations, we implemented a representational
similarity analysis using Centered Kernel Alignment
(CKA). For each model, activations were extracted from all
relevant layers in response to a fixed set of test inputs.

Pairwise CKA similarity was computed between all
models at each compression level, enabling four primary
comparison types: pruned versus distilled, mixed versus
pruned, mixed versus distilled, and mixed versus mixed.
This systematic approach allowed us to map represen-
tational convergence and divergence across the entire
experimental matrix.
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Orthogonality Assessment

To quantify the independence or overlap between
pruning and distillation, we developed an orthogonality
assessment framework based on CKA similarity patterns.
For each compression level, we aggregated CKA scores for
each comparison type and evaluated whether the observed
similarities indicated orthogonal, redundant, or comple-
mentary effects. Statistical validation was performed using
confidence intervals and variance analysis to ensure the
robustness of our findings.

Automated Visualization and Data Management

The analysis pipeline included automated generation of
visualizations and structured data outputs. Key visualiza-
tions included:

* Comprehensive CKA similarity heatmaps summa-
rizing representational similarity across all model pairs
and compression levels.

* Trend plots showing how average CKA similarity for
each comparison type evolves as a function of com-
pression intensity.

* Layer-wise similarity heatmaps and boxplots to
highlight which network components are most affected
by each compression method.

All results were saved with timestamp-based file manage-
ment for reproducibility and traceability.

Pipeline Integration

The evaluation and analysis pipeline was fully integrated
with the experimental framework, enabling automated
model discovery, loading, and comparison. This ensured
that all models generated during the hybrid compression
experiments could be systematically analyzed without
manual intervention. The resulting outputs and visualiza-
tions provided the necessary data to interpret the effects of
compression strategies on both performance and internal
representations.

This evaluation framework enabled us to address the cen-
tral research question: whether different compression tech-
niques discover similar or distinct representational solu-
tions, and under what conditions their effects are comple-
mentary or redundant.

6 RESULTS

6.1 Compression-Level Dependent Repre-
sentational Convergence

Our analysis demonstrates a strong relationship between
network capacity and representational similarity across
compression techniques.

As shown in Table 1, the average CKA similarity between
pruned and distilled models increases from 0.7004 at 10%
capacity to 0.8592 at 90% capacity, indicating a progres-
sive convergence as compression pressure decreases. This
trend is consistent across all types of comparisons, includ-
ing mixed models.

Compression Level | CKA Similarity | Relationship
10% 0.700 Technique-specific solutions
20% 0.788 Moderate divergence
30% 0.810 Increasing similarity
40% 0.806 Transitional convergence
50% 0.836 Progressive similarity
60% 0.837 Strong convergence
70% 0.840 High similarity
80% 0.858 Near-complete convergence
90% 0.859 Maximum convergence

TABLE 1: Progressive convergence pattern for pruned vs
distilled models.

At the lowest capacity (10%), the CKA similarity
between pruned and distilled models is at its minimum
(0.7004), indicating that the two techniques yield the most
distinct internal representations under extreme compres-
sion. As capacity increases, this divergence diminishes, and
by 90% capacity, the similarity reaches 0.8592, reflecting
a strong convergence of learned representations. This
progression highlights how resource constraints drive
the diversity or overlap of solutions found by different
compression strategies.

To provide a clear overview of how representational sim-
ilarity evolves across all comparison types and compression
levels, we summarize the results in the following compre-
hensive heatmap.

Comprehensive CKA Similarity Heatmap
( ized Data Pre ing)

=3 Strong Orthogonality (<0.75)

Weak Orthogonality (>0.85)
10

08

Average CKA Similarity
(0=White, 1=Red)

02

0% 40% 50% 60%  70%
Compression Level (% parameters remaining)

Fig. 5: CKA similarity heatmap for all model pairs and
compression levels.

Each cell shows the average CKA similarity for a given
comparison type (rows) and compression level (columns).
Green borders indicate strong orthogonality (low similar-
ity, CKA < 0.70), while orange borders highlight weak
orthogonality or high similarity (CKA > 0.85). The plot
demonstrates that as more parameters are retained (moving
right), the similarity between models increases, indicating
that pruning and distillation produce more similar represen-
tations at higher capacities.

¢ Pruned vs Distilled: Average CKA =0.815
* Mixed vs Pruned: Average CKA =0.837

* Mixed vs Distilled: Average CKA =0.814
* Mixed vs Mixed: Average CKA =0.829



EE/UAB FINAL DEGREE PROJECT IN ARTIFICIAL INTELLIGENCE: INVESTIGATING THE ORTHOGONALITY OF MODEL COMPRESSION BY PRUNING

To further illustrate how representational similarity
evolves as a function of compression, we present the fol-
lowing trend plot, which tracks the average CKA similarity
across all comparison types and compression levels.

CKA Similarity Trends (Using Same Data as Heatmap)

ality (0.8)
4 Orthogonality Threshold (0.75)

Average CKA Similarity

10 20 80 EY

30 40 0 0
Compression Level (% of remaining parameters)

Fig. 6: CKA similarity trends across compression levels for
all comparison types.

The lines in the plot represent the average CKA simi-
larity between the different model pairs at each compres-
sion level. For mixed models to provide additional bene-
fits—such as learning complementary or more diverse rep-
resentations—their similarity to pruned or distilled models
should be lower, indicating that they capture different as-
pects of the data. However, the observed trends show that
mixed models have CKA similarity values comparable to,
or even higher than, those of pruned vs distilled compar-
isons. This suggests that combining pruning and distilla-
tion does not lead to more diverse internal representations;
instead, the resulting models largely converge to similar so-
lutions as those produced by each technique alone.

6.2 Layer-Wise Representational Architec-
ture

Layer-wise CKA analysis reveals that early layers (e.g.,
convl, bnl) exhibit high similarity (CKA =~ 0.97-0.99)
across all methods and compression levels, indicating uni-
versal convergence in basic feature extraction. In contrast,
deeper layers, particularly the second convolution in each
ResNet block, show greater differentiation, with CKA
values dropping as low as ~ 0.30-0.65, especially at high
compression values (e.g., 10% of weights remaining). This
differentiation is more pronounced at lower compression
levels.

ResNet Block Patterns:

¢ First convolution: Moderate differentiation (CKA =~
0.97-0.99)

e Second convolution: Maximum differentiation (CKA
~ 0.30-0.65)

* Batch normalization: Higher similarity than convo-
lutions (CKA =~ 0.97-0.98 in early layers, but can drop
to =~ 0.30-0.64 in deeper layers)

e Skip connections: Intermediate (CKA ~ 0.75-0.85,
depending on layer depth and compression)

AND KNOWLEDGE DISTILLATION.

To visualize these patterns, we generated heatmaps that
display layer-wise similarity using four different similarity
measures.

Fig. 7: Top: Similarity heatmap between layers at 90% ca-
pacity. Bottom: Similarity heatmap at 10% capacity.

The heatmaps above display four types of similarity
measures (Y axis) across all layers of the models (X axis),
comparing pruned and distilled networks. As indicated
by the color gradients, models retaining 90% of their
parameters exhibit high similarity across layers, whereas
models compressed to 10% of their original size show
lower similarity values.

By examining the plots, we can see that as the layers
become deeper (moving to the right on the X-axis), the
similarity values decrease, which is reflected by lighter
colors in the plot that become more common on later layers
even in the case of 10% capacity.

This pattern highlights that representational convergence
between pruning and distillation is strongest at higher ca-
pacities and diminishes as compression becomes more ex-
treme.

6.3 Performance Trends Across Compres-
sion Levels

To complement the representational similarity analysis, we
evaluated the test accuracy of models distilled and pruned
at matching compression levels. Figure 8 shows the accu-
racy curves for models subjected to distillation followed by
pruning, across a range of pruning percentages.

Fig. 8: Test accuracy of models distilled and pruned at the
same compression levels. The blue curve shows the mean
accuracy, while red lines indicate individual runs.

The performance curves for models distilled and pruned
at the same levels closely follow each other, indicating that
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both compression techniques not only produce similar inter-
nal representations but also result in comparable predictive
performance across the entire compression spectrum.

6.4 Compression-Dependent  Subnetwork

Discovery

Our analysis reveals that the degree of representational
overlap between pruned and distilled models is strongly de-
pendent on the level of compression applied. Specifically,
three distinct regimes can be identified:

* Extreme Compression (10-30% parameters re-
tained): CKA values range from 0.65 to 0.82, indi-
cating that each technique tends to discover its own,
largely non-overlapping subnetwork. This suggests
that under severe resource constraints, the optimiza-
tion landscape allows for more diverse solutions, and
the effects of pruning and distillation are less aligned.

* Moderate Compression (40-60% parameters re-
tained): CKA values increase to 0.81-0.88, mark-
ing a transitional state. Here, subnetworks discov-
ered by each method begin to overlap, and represen-
tational convergence becomes more apparent, though
some technique-specific differences remain.

» Mild Compression (70-90% parameters retained):
CKA values further rise to > 0.85, reflecting a high
degree of similarity and overlap in the subnetworks
identified by pruning and distillation. In this regime,
the optimization landscape appears to constrain both
methods toward similar, near-optimal solutions.

Overall, these results highlight that as network capacity
increases, the subnetworks identified by pruning and dis-
tillation become more similar. This convergence suggests
that, with more available parameters, both techniques are
guided toward overlapping or even nearly identical solu-
tions, while at higher compression levels, their effects re-
main more distinct.

7 DISCUSSION

Our results reveal a clear pattern: as network capacity
increases, the internal representations of pruned and
distilled models become more similar. This is evident
in the progressive increase in CKA similarity and is
visually supported by the heatmaps and performance
curves presented earlier. Such convergence aligns with the
Manifold Hypothesis, which suggests that neural networks,
regardless of the compression method, tend to organize
data into similar geometric structures when given sufficient
capacity. In other words, when models are less constrained,
both pruning and distillation appear to guide the network
toward comparable solutions.

This trend is further supported by the Information Bot-
tleneck Theory. Both pruning and distillation encourage
the network to compress information efficiently, and
as the available capacity grows, their effects begin to
overlap. The performance results reinforce this, show-
ing that models compressed by either method achieve

nearly identical accuracy across most compression lev-
els. While the two techniques differ in their approach,
their impact on the network’s information processing be-
comes increasingly similar as more parameters are retained.

A closer look at the layer-wise analysis reveals that early
layers, responsible for basic feature extraction, remain
highly similar across all methods and compression
levels. However, differences become more pronounced in
deeper layers, especially under high compression. This
suggests that, when resources are limited, pruning and
distillation may lead to more method-specific solutions in
the deeper parts of the network. As capacity increases, the
subnetworks identified by both techniques begin to overlap,
supporting the Lottery Ticket Hypothesis, which posits that
optimal subnetworks can be found by different ways when
the model is not too restricted.

Mixed models do not provide more diverse or com-
plementary representations than pruning or distilla-
tion alone. In the context of representational similarity,
lower CKA values between mixed models and either pruned
or distilled models would indicate that mixed models are
learning more diverse or complementary representations.
However, as shown in our results, the average CKA simi-
larity for mixed models remains high and closely tracks the
values observed for pruned vs distilled comparisons. This
suggests that combining pruning and distillation does not
lead to the discovery of fundamentally different or more
diverse internal representations. Instead, the mixed mod-
els largely converge to similar solutions as those produced
by each technique alone. Consequently, from a representa-
tional perspective, mixed models do not provide additional
functional benefits over using pruning or distillation indi-
vidually, except perhaps under the most extreme compres-
sion where some divergence may still occur.

From a practical perspective, these findings indicate that
for moderate and mild compression, the choice between
pruning and distillation may not be critical—both meth-
ods obtain similar internal representations and predictive
performance. This flexibility is valuable for practitioners
as it allows them to select the approach that best fits their
workflow or computational constraints. However, under
extreme compression, the differences between methods
become more significant, and careful selection or combi-
nation of techniques may be necessary to achieve optimal
results.

It is important to acknowledge the limitations of this
study. Our experiments were conducted on the CIFAR-10
dataset using a ResNet-based architecture. Future research
should investigate whether these patterns hold for larger
datasets and different model types, such as transformers or
domain-specific architectures. Additionally, exploring how
these findings translate to other tasks, like transfer learning
or robustness to adversarial attacks, would be valuable.
Finally, the development of adaptive or hybrid compression
strategies that leverage the observed convergence could
further enhance model efficiency and generalization.

Overall, our findings provide new insights into the inter-
play between pruning and knowledge distillation, clarifying
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when their effects are complementary and when they are re-
dundant, and offering practical guidance for the design of
efficient neural networks.

8 CONCLUSIONS

This thesis investigated the relationship between two of
the most widely used neural network compression tech-
niques: pruning and knowledge distillation. By combining
an experimental design with advanced representational
analysis, we set out to determine whether these methods
act orthogonally, redundantly, or interfering when applied
to modern deep learning models.

Our results reveal that the effects of pruning and dis-
tillation are not fully orthogonal. Instead, their impact
on both model performance and internal representations
depends strongly on the degree of compression. At high
compression levels (i.e., when only a small fraction of
parameters are retained), pruning and distillation tend to
discover distinct, technique-specific subnetworks, resulting
in lower representational similarity and more pronounced
differences in accuracy. However, as network capacity
increases, the representations and performance of pruned
and distilled models converge, indicating that both methods
are guided toward similar solutions by the underlying
optimization landscape.

Layer-wise analysis further showed that early layers are
robust to compression and remain highly similar across
methods, while deeper layers are more sensitive and reflect
the main differences between techniques, especially under
extreme compression. These findings are consistent with
theoretical frameworks such as the Manifold Hypothesis,
the Information Bottleneck Principle, and the Lottery
Ticket Hypothesis, all of which suggest that the solution
space narrows as model capacity increases, promoting
convergence between different compression strategies.

From a practical point of view, our work suggests that
for moderate and mild compression, practitioners can
choose either pruning or distillation—or even combine
them—without significant loss in performance or rep-
resentational diversity. Only in the regime of extreme
compression does the choice of method become critical,
as the differences between approaches become more
pronounced.

In summary, this thesis provides new insights into the
connection between pruning and knowledge distillation,
clarifying when their effects are complementary and when
they are redundant. These findings can inform the design
of more efficient and robust neural networks, especially in
resource-constrained environments.
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